R&D efficiency has gained great attention in regional innovation. This study examines the R&D efficiency patterns of Korean regions for 2005-2009 from static and dynamic perspectives. This study employs data envelopment analysis to identify the regions' R&D performances relative to the best practices from the static perspective, and the Malmquist Productivity Index to evaluate their dynamic changes within a given timeframe.
INTRODUCTION
Regional innovation initiatives aim to bridge the innovation-based economic gap between heterogeneous regions and strengthen their innovation competitiveness on a national scale (OECD, 2008) . The European Union (EU; highlights the role of research and development (R&D) in regional innovation.
Some studies have attempted to evaluate regional innovation performance to determine the evidence-based policy implications of regional initiatives (e.g. AUTIO, 1998; DIEZ, 2001; EVANGELISTA et al., 2001) .
However, it is difficult to compare interregional innovation performance, as R&D is not conducted under identical conditions owing to an imbalanced distribution of R&D capabilities across different regions (FELDMAN, 1994) . Thus, the approach to simply analyse an absolute performance aspect, such as the number of R&D outputs, is inappropriate, because it does not consider the maximum attainable performance level for each region (BOSCO and BRUGNOLI, 2010) . The study of R&D efficiency has gained substantial attention in recent years as researchers need to also consider resource accessibility in the assessment of heterogeneous regional R&D processes. Between 1993 and 2012, the keywords 'R&D efficiency', 'research and development efficiency', and 'research efficiency' appeared in a number of academic journal papers 1 . Despite the abundance of literature on regional efficiency evaluation (e.g. BAI, 2013; CHEN and GUAN, 2012; FRITSCH and SLAVTCHEV, 2011; GUAN and CHEN, 2010; ZABALA-ITURRIAGAGOITIA et al., 2007) , very few studies examine this issue from a dynamic perspective (ARCHIBUGI et al., 1999) . Moreover, because a region's R&D efficiency can change over time, the longitudinal investigation of R&D efficiency can help assess the extent to which a region demonstrates consistency in productivity.
Despite rapid economic growth, Korea's nation-wide approach to innovation resulted in economic disparities between the capital metropolitan areas (Seoul, Gyeonggi, and Incheon) and other areas (DUKE et al., 2006) . Consequently, Korea began to adopt regional innovation frameworks in the mid-1990s to reduce interregional economic imbalances and reinforce competitiveness (CHUNG, 2002) . Further, the Roh Moo-hyun administration (2003) (2004) (2005) (2006) (2007) (2008) This study aims to contribute to the literature on regional innovation by quantifying the respective R&D efficiencies of Korean regions from static and dynamic perspectives. Korea is primarily characterised by dirigiste initiatives (BRACZYK et al., 1998) , which are congruous with regionalised national approaches (ASHEIM and ISAKSEN, 1997) in a top-down manner (HOWELL, 1999) . Consequently, it is worthwhile to examine the interregional differences in R&D efficiency from an intra-national perspective. Although regional innovation initiatives were introduced in Korea in the 1990s, the Korean government began to provide regionwide R&D data only recently. Thus, this study employs data only for the period from 2005 to 2009.
The next section provides a brief explanation of the regional knowledge production process. The third section introduces the DEA and MPI methods for the evaluation of regional R&D efficiency. The fourth section describes the data used in this study. The fifth section presents the empirical findings, followed by a discussion of the results in the sixth section. The last section concludes the paper with a summary of the main results, the limitations of the study, and directions for future research.
REGIONAL KNOWLEDGE PRODUCTION PROCESS
An innovation system is an aggregate of the knowledge production processes in an innovation environment (ASHEIM and ISAKSEN, 1997) . A linear knowledge production function is based on the premise that the innovation process entails a linear relationship between inputs and outputs (ACS et al., 2002; GODIN and GINGRAS, 2000; GRILICHES, 1990; HESSELS and VAN LENTE, 2008; PATRICK, 2002; TSAO et al., 2008; ZABALA-ITURRIAGAGOITIA et al., 2007) . Universities, industries, and government research institutes (GRIs) are the key R&D actors in the process of any knowledge economy (ETZKOWITZ, 2008) . A regional knowledge production function includes universities, industries, and GRIs that consume R&D inputs (e.g.
people, money, knowledge) to produce new regional scientific and technological knowledge (e.g. patents, papers) (OECD, 1996; ZABALA-ITURRIAGAGOITIA et al., 2007;  see Figure 1 ).
<Insert Figure 1 .> Figure 1 demonstrates that a simple regional knowledge production function can be seen as a result of R&D inputs, process, and outputs. Primary R&D inputs are obtained from either internal or external sources of the respective R&D performing units. Thus, regardless of the sources (in-house sources, government, etc.) or R&D actors (universities, industries, or GRIs), a linear approach for evaluating the regional knowledge production process accounts for the total volume of regional R&D inputs consumed in the process to produce the total volume of regional R&D outputs. In other words, a region's total R&D input level is the sum of resources invested by the universities, industries, and GRIs within the region that is transformed into outputs.
The degree to which these regions' knowledge production processes are efficient can be evaluated from either static or dynamic perspectives. Static efficiency reflects the relative positions of regions using the best practices as defined by efficient regions (CHARNES et al., 1994) . Dynamic efficiency accounts for timedependent changes in regional positions relative to those best practices, that is productivity increase or decrease (FÄRE et al., 1994) . It can be perceived that the regions' relative positions are determined by an interregional comparison in terms of static and dynamic R&D efficiency, both of which consider the respective efficiencies of each region and other comparative regions (i.e. best practices). For example, an inefficient region can improve its relative (static) position if it exhibits increasing productivity, until it (possibly) becomes efficient. In contrast, if a currently static efficient region shows decreasing productivity, then the region would fall behind other comparative regions over time.
Considering the patterns of both static and dynamic efficiencies, regions can be allocated in the matrix displayed in Figure 2 .
<Insert Figure 2.>
The leading group (top-right quadrant) represents an ideal situation in which the regions are both R&D efficient and register an increasing R&D productivity. If these leading regions can maintain their R&D productivity increase, then they would likely face a future characterised as consistently efficient, in both a static and dynamic sense. The deteriorating group (top-left quadrant) is (still) efficient, but suffers from a decreasing productivity over time. Although deteriorating regions are efficient at present, they are likely to lose this position over time due to their decreasing R&D productivity. The lagging group (bottom-left quadrant) is not only inefficient, but also has decreasing productivity. Therefore, the lagging group faces the greatest problems in terms of efficiency patterns; lagging regions are expected to continue their downward trend towards further inefficiency. The improving group (bottom-right quadrant) contains regions that though currently inefficient, but have increasing productivity. These regions can possibly become leading regions if they are able to maintain this productivity increase over time.
Based on the notions outlined above, this study analyses Korean regions' relative positions defined by R&D efficiency patterns. The following section explains the methodology this study employed to analyse these efficiency patterns.
METHODOLOGY
This study employs data envelopment analysis (DEA) and the Malmquist Productivity Index (MPI) to determine R&D efficiency patterns of Korean regions. Because MPI (FÄRE et al., 1994 ) is a DEA-based technique, these two methods share common strengths in terms of R&D efficiency evaluation. Commonly used ratio analysis cannot accommodate multiple inputs and outputs (SHERMAN, 1985) . However, both the DEA and MPI can handle multiple input-and output variables with different units of measurement (CHARNES et al., 1994) . Moreover, unlike statistical methods such as a regression model, non-parametric approaches do not require a specified production function to link inputs with outputs (BERGER and HUMPHREY, 1997) . This is relevant in the evaluation of a complex issue such as R&D efficiency, particularly in terms of studying the conversion of R&D inputs into outputs, where true production function is unknown and assumptions related to the nature or shape of the relationship between inputs and outputs cannot be easily justified. DEA allows the observed data to speak for itself by letting a convex envelopment of observations provide a conservative estimate of the frontier of the production possibility set, based on very few assumptions. This is also an advantage relative to other methods, like Stochastic Frontier Analysis (see e.g. AIGNER et al., 1977) , which requires assumptions not only on the functional form of production function (although some variations are quite flexible), but also the shape of the inefficiency distribution. However, the advantage of needing only few assumptions in DEA comes at the price of statistical properties. DEA efficiency analysis can be criticised for its bias from a statistical perspective, as it uses small samples (SIMAR and WILSON, 2000) . Nevertheless, the use of few input and output variables can overcome issues related to sample size (DYSON et al., 2001) .
In a precise way, different regions may possess distinct industrial structures and R&D stages that lead to different quality of R&D outcomes. However, a regional R&D system is the meso-or macro-level mixture of diverse knowledge production processes (ASHEIM and ISAKSEN, 1997) that are upon on various R&D actors including universities, industries, and GRIs (ETZKOWITZ, 2008). The meso-or macro-level knowledge production process the aggregated transducer that converts R&D inputs into a set of far-ranging region-wide knowledge base. Therefore, in a broad way, R&D outputs produced in different regions are perceived as comparable in this paper.
On the basis on the above methodological strengths and the comparability of outputs, DEA and MPI are suitable to evaluate R&D efficiency and its time-based change of regions.
Data envelopment analysis
DEA is a linear programming technique that evaluates the performance of decision-making units (DMUs) relative to an efficiency frontier set on the basis of efficient DMUs (CHARNES et al., 1994; COOPER et al., 2007 (BANKER et al., 1984) . Compared to a BCC model, a CCR model provides better discrimination among DMUs (PODINOVSKI and THANASSOULIS, 2007) . Moreover, the BCC model is not well suited for measuring the change in total factor productivity (GRIFELL-TATJÉ and LOVELL, 1995). Consequently, this study employs a CCR-DEA model to discriminate the Korean regions more clearly. Further, this study adopts an input-oriented approach that aims to minimise inputs for a given level of output in order to reach the efficiency frontier, as macro-level systems (i.e. regions in this paper) cannot easily control the level of output.
This study uses two methods to calculate DEA scores: the super-efficiency DEA scores for a static regional R&D efficiency assessment, and the standard DEA scores for MPI score calculation. Many researchers have assumed that an R&D input-output transformation process involves a time delay. The average length of the delay varies according to industry (GOTO and SUZUKI, 1989) and R&D actors (ADAMS and GRILICHES, 2000; GUELLEC and VAN POTTELSBERGHE DE LA POTTERIE, 2004) . However, the empirical influence of time delay on efficiency is not substantial (GRILICHES 1990; HOLLANDERS and CELIKEL-ESSER, 2007) and its length is not definite (WANG and HUANG, 2007) . Therefore, this study simply defines an input-output ) is defined as follows:
where is the weight of observation for (region) in the benchmark for observation ′, and ′ is greater than 1 if region ′ is efficient and smaller than 1 if the region is inefficient.
Standard DEA scores are used to estimate MPI scores (FÄRE et al., 1994) . . An observation is now given by the vector of ( ) inputs in the year and the vector of ( ) outputs in year , .
The input-oriented CCR-DEA score for DMU ( ) relative to the frontier for time period (inputs from , outputs from ) is defined as follows:
Malmquist Productivity Index
The MPI (CAVES et al., 1982; MALMQUIST, 1953 ) is used to measure changes in regional R&D productivity over time (COOPER et al., 2007) . Methodologically, it is calculated from the standard DEA scores defined in (2) above. The MPI model employed in this study is as follows: 
The TECI model (4) indicates whether a region moved closer to or further away from the efficient frontier between 2005 and 2009 (COOPER et al., 2007 . TECI scores reflect the catch-up effect of each region, defined by the ratio of the distances to the efficiency frontier. If one region is more capable of utilising knowledge production technologies than others, its R&D productivity would improve faster than that of other regions. Consequently, the region's distance from the frontier would decrease over time; otherwise, it will increase. The TCI model (5) denotes the change in the best practice (technology) between 2005 and 2009 (COOPER et al., 2007 . TCI scores reflect the frontier-shift effect that is determined by efficient regions.
Technological advancements due to innovation extend the frontier level, which implies an improvement in the best practices in terms of regional R&D production. Thus, with respect to R&D, a frontier shift reflects the change in a region's potential for producing knowledge at that specific time. For this study, these two components provide further information on the sources of change in regional R&D efficiency.
DATA

Sample of observations
The analyses employ Korea's regional knowledge production data. Of the sixteen administrative regions, Jeju was excluded, as it is largely a tourism-driven region, and therefore unlikely to be comparable to other territories with an advanced scientific and technological infrastructure. Among the remaining fifteen regions considered in this study, one region is a special city, six are metropolitan cities, and eight are provinces (see Table 1 ).
<Insert Table 1 .>
Variables and data sources
In DEA and MPI assessments, the total number of observations should ideally be at least thrice that of the total number of variables (BANKER et al., 1989) or twice that of the product of the number of inputs and outputs (DYSON et al., 2001) . However, it is preferable to include fewer variables for a better discrimination among DMUs (DYSON et al., 2001) . Therefore, it is necessary to determine a small number of indicators that can represent the regional knowledge production process of the fifteen Korean regions.
R&D expenditure, R&D staff, and accumulated knowledge are typical inputs that are directly consumed in the R&D process (GUAN and CHEN, 2010) . While financial resources are crucial for stimulating progress in science and technology (HASHIMOTO and HANEDA, 2008; WANG and HUANG, 2007) , R&D expenditure also generally includes R&D labour costs, which are already considered (WANG and HUANG, 2007) as an important input factor. Moreover, R&D expenditure may also include explicit knowledge, as R&D funding covers intellectual property rights, which enable an organisation to acquire existing codified knowledge necessary for R&D. Therefore, this study does not consider R&D staff and accumulated knowledge to be distinct inputs. The study transforms all these different inputs to the R&D process into monetary values and aggregates them into total R&D expenditures. As the knowledge production function relates R&D inputs to outputs that reflect scientific and technological knowledge drawn from an R&D process, it is necessary to define knowledge as the output.
Knowledge can be broadly divided into two types: tacit and codified (AUDRETSCH, 1998; LISSONI, 2001) .
R&D staff inputs tacit knowledge and translates it into codified knowledge. It is ultimately manifested and embedded in the form of technologies, products, and/or services through knowledge externalisation (NONAKA et al., 2000) . Therefore, codified knowledge is considered as an output of the R&D process. Additionally, it is easier to quantify codified knowledge, which makes it more suitable for use in quantitative methods. In terms of science and technology, this knowledge codification may be revealed through patents and academic publications.
Patents are a crucial indicator of R&D output (POPP, 2005; WANG and HUANG, 2007) . Patent quantity is a proxy for the achievements embedded in an R&D process (GRILICHES, 1990) , which has led to its consideration as an output variable. However, unlike some previous studies that counted the number of patents granted by domestic or international property offices (FRITSCH, 2002; FRITSCH and SLAVTCHEV, 2011) , this study counts the quantity of patent applications, because it is impossible to estimate the lead time between the initial application and granting of patents as required for patent examinations (THURSBY and KEMP, 2002 WANG and HUANG, 2007 To assess R&D outputs, this study analyses international statistics on PCT applications and SCIE journals rather than domestic data, because international patents and publications are considered superior to their domestic counterparts. For example, in contrast to international offices, the Korea Intellectual Property Office (KIPO) does not require patent applicants to include a rigid patent reference list. Therefore, domestic patented knowledge may not be of approved quality. Similarly, scientific and technological articles published in international journals may be considered of higher quality than those published in domestic journals, as they undergo a more systematic and critical review process. Table 2 provides data on R&D expenditure adjusted for inflation as the input, and data on PCT applications and SCIE publications as outputs, considering the time delay of one year.
<Insert Table 2 .> Table 2 ). Despite the strong government-driven industrial relocation policies (DUKE et al., 2006) , Incheon (0.496) and Gyeonggi (0.406) were found to be inefficient in R&D. The last column in Table 3 demonstrates that six regions improved their R&D productivity between 2005 and 2009 (MPI > 1), and the other nine regions declined in this regard. Although Ulsan has been one of the largest industrial districts in Korea based on its chaebol-driven automobile, shipbuilding, and petrochemical industries since the 1970s (OH, 1996) , the city experienced the most severe decrease in its R&D productivity (0.343).
EMPIRICAL RESULTS
R&D efficiency and its change
Technical efficiency change and technical change
The MPI score can be broken into TECI and TCI (see models (3), (4), and (5)). While TECI reflects the extent to which a region catches up with the frontier set by efficient regions, TCI illustrates how the technological frontier is improving from the perspective of region in questions.
<Insert Table 4 .> Table 4 demonstrates that while countrywide technological innovation advanced, many regions declined in terms of R&D productivity because of decreases in technical efficiency, specifically Seoul, Daegu, Incheon, Ulsan, Gyeonggi, Chungcheongbuk, Chungcheongnam, and Gyeongsangbuk. As seen in the last row in Table 4 , although in general the frontier-shift effect showed a positive contribution to R&D productivity change (1.141), the catch-up effect (0.806) was the major factor of the general decrease in R&D productivity change (0.920). This interpretation is confirmed by Kendall's coefficient of concordance test (CONOVER, 1980) , a non-parametric technique to test correlations among more than two variables based on the ranking of a small sample. Table 5 illustrates that R&D productivity change strongly correlates with the catch-up effect at the 0.01 level in terms of ranking (0.924***), but not with total TCI change.
5 <Insert Table 5 .>
As regional innovation systems become mature over time, it is intuitively expected that Korean regions may suffer from stagnation in R&D productivity change. However, Table 6 indicates that while countrywide MPI (0.982) and TECI (0.947) declined and TCI (1.036) increased, regional yearly-based trends in these indicators do not capture clear recession. In large, Korean regions fluctuated in terms of MPI, TECI, and TCI during the given period.
<Insert Table 6 .>
DISCUSSION: REGIONAL POSITIONS AND IMPLICATIONS
Based on the results summarised in Table3, the Korean regions are classified into three groups:
deteriorating, lagging, and improving (see Figure 3) .
<Insert Figure 3.>
This classification scheme also contains the leading group (top-right quadrant), but no region was categorised there. Interestingly, these results indicate that even Seoul does not belong to the leading group, but is instead categorised as a deteriorating region characterised as efficient but with decreasing productivity Although Seoul has historically enjoyed strong support from the government and has a rich resource-laden infrastructure (DUKE et al., 2006) , it seems that Seoul does not effectively leverage its advantages as a capital city to increase its R&D productivity, though it is located near the borderline between the leading and deteriorating groups. In the lagging group, Gyeonggi is one of the beneficiaries of government-driven industry development (DUKE et al., 2006) Note that this paper is focused on only an intra-country comparison (i.e. comparing domestic regions in Korea) which allocates regional positions in the four-quadrant matrix. If analysis objects are compared on an international scale (i.e. comparing with cities of other nations), Korea's regional locations would change. In this paper adopting an intra-country comparison method, the absence of leading regions does not imply that no region is advanced in R&D performance. For example, as seen in Table 2 , longitudinally Seoul is reported to have the greatest quantity of PCT applications and SCIE publications in Korea, and thus the city can be regarded as the most developed place in science and technology. That is, the display of regional locations does not say that Seoul's technological development lags behind the bottom-right-quadrant regions (e.g. Gwangju, Busan, While TECI reflects the catch-up effect that accounts for the contribution of change in technical efficiency toward the change in productivity, TCI is frontier-shift effect that allows technical change to contribute to changes in productivity (COOPER et al., 2007) . Therefore, TECI reflects a region's efficiency in utilising its existing scientific and technological knowledge in their knowledge production process, whereas TCI is the extent to which regions improve through technological innovation. In comparing the practical implications of TECI and TCI, it is evident that the catch-up effect can be improved by exploitative efforts aimed at 'refinement, choice, production, efficiency, selection, implementation and execution' to search for new applications of existing scientific and technological knowledge (MARCH, 1991: 71) . In contrast, the frontiershift effect can be achieved through exploration efforts focused on 'search, variation, risk taking, experimentation, play, flexibility, discovery, innovation' to seek new possibilities of innovation through intensive challenges (MARCH, 1991: 71) . Therefore, if a region has moved away from best practices over time, it is necessary to improve its TECI score using exploitative approaches. As March (1991) indicates, the exploitative R&D refers to the use of incumbent advanced technologies to produce more knowledge in the longterm. Conversely, if a region suffers from a decline in R&D productivity resulting from a slowdown in technical change over time, its TCI score can be improved through more aggressive R&D investment in technological advancement through innovation.
As shown in Tables 4 and 5 , the catch-up effect (TECI) is largely decisive for R&D productivity change (MPI) in Korean regions (with the exception of Gangwon). Therefore, to improve their respective productivities, TECI-declining regions should focus on knowledge spillover that facilitates the transfer of best practice technologies and apply them to potential production techniques. These regions should also improve their absorptive capacities through secondary R&D that allows for the capture of other organisations' new techniques or technologies (COHEN and LEVINTHAL, 1989) . This would accelerate technical imports and may enhance the catch-up ability of struggling regions. That is, these typically underprivileged regions should preferably adopt less challenging strategies for incremental innovation that is coherent with absorptive capacity corresponding to the regions' traditional scientific and technological competitiveness.
What brings about cross-regional differences in the catch-up effect? The relative level of this indicator may be attributed to characteristics of localised universities, industries, and GRIs that are core R&D performers.  Because six regions are increasing in productivity and nine regions are decreasing in productivity, it seems that there is an imbalance in scientific and technological advancement across the regions from a dynamic R&D efficiency perspective.
 The absence of leading regions is potentially worrying, since it is such regions, which are efficient in both a static and a dynamic sense, that could drive the overall development of the country as well as serve as benchmarks for other regions.
 While technological capacity improved on the national scale, the majority of Korean regions suffered from a decrease in R&D productivity over time that was largely attributable to a decrease in the catch-up effect.
Through exploitative strategies, Korean regions can enhance the catching-up to best practice in order to reach the efficiency frontier. Direct technical imports and complementary R&D to intensify absorptive capacity would be helpful in bridging the interregional gap in R&D efficiency and strengthen the entire country's scientific and technological competitiveness. Policy interventions to grow the quantity of GRIs on a regional scale and to rev up the quantity of industrial R&D organisations under the financial constraint are expected to lead to the improvement of the catch-up effect.
In spite of these important findings, this study has some limitations, which suggest new avenues for future studies. First, because of the lack of access to long-term historical data, this study investigated the regional R&D patterns for only five years. Longer time series data may provide more comprehensive guidance for mid-and long-term regional R&D policy planning. Second, other intermediate variables should be considered within the regional knowledge production environments. Such factors (e.g. types of R&D performers, regional strategic industries, and R&D stages) can provide multifaceted insights into regional R&D phenomena.
Third, the scope of this study was restricted to Korea. A cross-country analysis using the Organization for Economic Cooperation and Development (OECD) members may aid in capturing the position of Korean regions on the supranational scale. Lastly, investigations of the effect of other factors (e.g. partner accessibility, demographic changes, and industrial shifts) on static and dynamic R&D efficiency could help clarify particular causes and specify policy implications. Despite these limitations, this study highlights one of key issues regarding balanced regional development of Korea by specifically evaluating the differences in the regional R&D efficiencies. Methodologically, the nonparametric quantitative methods used in this study illustrate a possible approach for comparing interregional innovation performance on a national scale for countries with a small number of regions. 
